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INTRODUCTION
Classification rule set is an important method for remote sensing image classification (Forestier, 2012) . Rau presented a semiautomatic landslide recognition method using rule set, and validated that the rule set was suitable for various landslide (Rau, 2014) . Ziaei presented a rule-based parameter aided with object-based classification approach for extraction of building and roads from WorldView-2 images (Ziaei, 2014) .Yu explored the potential role of feature selection in global land-cover mapping (Yu, 2016) . Chen measured the effectiveness of various features for thematic information extraction from very high resolution remote sensing imagery (Chen, 2015) . However, these methods usually use semiautomatic detection, empirical description and fuzzy function classification. The whole process not only needs supervision, but also requires manual production. Against this background, the next section discusses a semiautomatic rule set building method based on machine learning and human knowledge. The use of machine learning is to build rule sets effectively which will overcome the iterative trial-anderror approach. The use of human knowledge is to solve the shortcomings of existing machine learning method on insufficient usage of prior knowledge, and improve the versatility of rule sets. Urban Land-cover classification test is carried out in order to validate the performance of the method.
METHOD

Rule Set based on Machine Learning
Feature Selection based on Random Forest:
The Random Forest (RF) machine learning method is an ensemble classifier developed by Leo Breiman in 2001, based on multiple decision trees. It is a relatively new, non-parametric, data-driven classification method that can create a classification model automatically by learning and training using samples provided by the RS expert, without requiring any prior input (Breiman, 2001) . It has the ability to analyze complex features and is robust for noisy and missing data; it is also able to estimate the importance of features and has a faster learning speed and greater accuracy than other similar algorithms that are currently popular (Breiman, 2001 ). The RF classifier offers an internal feature evaluation step, through which it is able to estimate the importance of a particular feature, and to subsequently guide the construction of classification rules using significant features only, whereas a general classification method does not offer any form of feature evaluation. It is also able to use a smaller number of features and thus reduce computing time and memory requirements, with no detrimental effect on performance. The importance of the features is estimated by the RF algorithm, the difference between the current OOB (Out Of Bag) error and the previous OOB error is taken to represent the importance of the variable (Verikas, 2011) . Variables with higher values are considered to be more important to the classification than those with lower values. Given a sample subset (s=1,2,…,S) the computation of the importance value (Dj) of feature xj is as follows:
(a) When s=1, the OOB data 
Rule Set Building based on CART:
CART is forecasted and classified by constructing binary tree. It has the characteristics of simple model construction, accurate prediction and reusable decision tree rules. This study uses CART for object-based image classification, on the one hand, to test the representative of the features, on the other hand, to reuse the decision tree for other similar image. It includes training and testing steps: (a) Training step. The Gini coefficient of each attribute of the training sample is calculated according to the principle of Gini coefficient gain as the classification condition. After a node generates left and right nodes, the decision tree is generated recursively to divide the left and right nodes, and the decision tree is simplified by pruning method, then the decision tree model is got. (b) Testing step. All the objects are classified by CART decision tree model, and the classification results are obtained. 
Rule Set based on Human Knowledge
The description and decision rules of eight land-covers are shown in Table 1 . This means RectFit of an object >0.5 denotes Regular shape, where <0.5 denotes Irregular shape. The thresholds are obtained by a statistical confidence interval approach.
Statistical Confidence Interval
In statistics, a confidence interval is a type of interval estimate of population parameter constructed by the sample statistic. Two-side confidence limits from a confidence interval and oneside limits are referred to as lower/upper confidence bounds (or limits). The affect factors include the size of samples and the confidence level. In the case of a fixed confidence level, the more the samples, the narrower the confidence interval. In the case of a fixed samples, the higher the confidence level, the wider the confidence interval. The confidence interval is defined as:
[M-N*STD, M+N*STD] Where, M is the mean of the sample, STD is the standard deviation of the sample, N is used as the critical value.
EXPERIMENT AND ANALYSIS
Data
The data set is in the city of Potsdam. We used true orthophoto (TOP) data with four channels red, green, blue, infrared, and the DSM and ground truth (ISPRS, 2017) . The TOP and DSM are used for classification, the ground truth is used for sample selection. 
Experiment
(1) Segmentation. Firstly, we use ArcGIS to make the ground truth data as a vector constraints. Then we use eCognition for multi-resolution segmentation. The trial-and-error method is adopted to find an approximate and reasonable scale parameter, where the scale is set to 100, the shape factor weight is 0.2 and compactness factor weight is 0.8.
(2) Feature Selection. Sixteen features (e.g., ratio, mean, Normalized Difference Water Index, Normalized Difference Vegetation Index, homogeneity, and brightness) are selected, and then are sorted using RF. The feature importance of Potsdam is shown in figure 3 . 
Analysis
An accuracy assessment was carried out. A sample-based error matrix is created and used for performing accuracy assessment. In GEOBIA, a sample refers to an object. The error matrix for the test area is shown in Figure 16 . The user's accuracy, producer's accuracy, overall accuracy and Kappa coefficient is shown in Table 4 . The overall accuracy is 97.01%, and the kappa coefficient is 0.96. Our method yields improvements as it depends on decision rule based on machine learning and human knowledge. This is based on the initial decision rules and the validation process, and some obvious classification errors may be corrected already within the following validation step.
CONCLUSION
This study has put forward a rule set building method for Land cover classification based on human knowledge and machine learning. The use of machine learning is to build rule sets effectively which will overcome the iterative trial-and-error approach. The use of human knowledge is to solve the shortcomings of existing machine learning method on insufficient usage of prior knowledge, and improve the versatility of rule sets. A two-step workflow has been introduced, firstly, an initial rule is built based on Random Forest and CART decision tree. Secondly, the initial rule is analyzed and validated based on human knowledge, where we use statistical confidence interval to determine its threshold. The test site is located in Potsdam City. We utilised the TOP, DSM and ground truth data. The results show that the method could determine rule set for Land Cover classification semiautomatically, and there are static features for different land cover classes. Nevertheless, the method is still in the process of development and improvement. Further in-depth studies may be required to (a) improve and refine rule set using human knowledge, (b) investigate the factors influencing classification, such as the spatial scale, the segmentation method employed, and the choice of samples, and (c) to investigate the automation of the method.
